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loT, broadly

Value Approach

Dirk Didascalou, VP AWS loT:

If you knew the state of every thing in the
world, and could reason on top of the data:

What problems would you solve?
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JPL loT: A Wide Spectrum
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Spacecraft: Megasystems of Sensors
SMAP

* Measure global soil moisture
* 3,857 Telemetry Channels

* Power, CPU, Telecom, Radiation,
Temperature, etc.

* 1 TB/day
* Near real-time processing
* Custom (limited prior knowledge)

* Complex relationships




Telemetry Anomaly Detection
An Easy Sell

Key radar fails on $1 billion NASA
environmental satellite

* SMAP cost: $915M
* Curiosity cost: $2.5B

* Harsh environment
* Repairs are difficult
* Public perception

A 127-foot (39 meter) rocket built and flown by United Launch Alliance blasts off at 6:22 a.m. PST (14:22 CMT1
California in this January 31, 2015 file photo.
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Machine Learning Considerations
Speed and Scale

* Speed

* SMAP —real-time

* MSL (Curiosity) — 3x/day
* Scale

* ~ 3.5B values

* ~ 1M values per channel

* Does every value matter?
* Redundancy?

* Importance?

* Aggregations?




Machine Learning Considerations
Expert Systems?

* Leverage subject matter
experts

* Parameters, limits, feature
creation

* Challenges
* Accuracy
* Completeness
* Time

* Custom

* Validation, not development
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Machine Learning Considerations
Complexity

Limit-Checking Model-Based Simulation

CPU Utilization o
95% Limit
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Machine Learning Considerations
Complexity

Kernel Density Estimation

Power Consumption Density

Limit Checking
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Machine Learning Considerations
Performance and Interpretability

Deep Learning - LSTMs

input layer

Sensor

(b) Space Shuttle




Machine Learning Considerations

Model comparisons based on data size
Dataset Size

Model AG Sogou DBP. YelpP. YelpF. Yah. A. Amz.E.  Amz P

Bow 1119 7.15 339 776 4201 3LI11 4536  9.60

BoW TFIDF 1036 655 263 634 40.14 2896 4474  9.00

ngrams 796 292 137 436 4374 3153 4573  7.98

ngrams TFIDF 764 281 131 456 4520 3149 4756  8.46
Bag-of-means 1691 1079 955 1267 47.46 3945 5587 1839

LSTM 1394 482 145 526 4183  29.16 4057  6.10

Lg. w2v Conv. 992 439 142 460 4016 3197 4440  5.88

Sm. w2v Conv. 1135 454 171 556 4213 3150 4259  6.00

Lg. w2v Conv. Th.  9.91 - 137 463 3958 3123 4375 580

Model Sm. w2v Conv. Th. 1088 - 153 536 4109 2986 4250  5.63
: Lg. Lk. Conv. 855 495 172 489 4052 2906 4595  5.84
Complexity Sm. LK. Conv. 1087 493 185 554 4141 3002 4366  5.85
Lg. Lk. Conv. Th.  8.93 - 158 503 4052 2884 4239 552

Sm. Lk. Conv. Th.  9.12 - 177 537 4117 2892 4319 551

Lg. Full Cony. 985 880 1.66 525 3840 2990 4089  5.78

Sm. Full Conv. 1159 895 1.89 567 3882 3001 4088  5.78

Lg. Full Conv. Th.  9.51 - 155 488 3804 2958 4054 551

Sm. Full Conv. Th. 1089 - .60 542 3795 2990 4053  5.66

Lg. Conv. 1282 488 173 589 3962 2955 4131 551

Sm. Conv. 1565 865 198 653 4084 2984 4053 550

Lg. Conv. Th. 1339 - 1.60 5.82 3930 28.80 4045  4.93

Sm. Conv. Th. 1480 - 1.85 649  40.16 29.84 4043 567

(Zhang, Zhao, LeCun 2015)




Machine Learning Considerations
Performance and Interpretability

Kernel PCA
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Machine Learning Considerations
Performance and Interpretability

K-Means Clustering

* Assumptions of normality? :
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Achieving Balance — Scientific Rigor versus Value

* Be patient and thorough
* Communication
* Good enough

* @Give and take - add value along the way




JPL loT:

Cost

Spacecraft

= Not Spacecraft
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Leveraging the Consumer Space
Creative Possibilities Amazon Echo
Arduino
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Makoto Koike, l1oT Hero

Cucumber Sorting

“Makoto started helping out at his
parents’ cucumber farm, and was
amazed by the amount of work it
takes to sort cucumbers by size,
shape, color, and other attributes.”
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Makoto Koike, center, with his parents at the family cucumber farm

https://cloud.google.com/blog/big-data/2016/08/how-a-japanese-cucumber-farmer-is-using-deep-learning-and-tensorflow




Cucumber Sorter

3x Webcam
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Arduino Micro Raspberry Pi 3 Google Cloud

Controls Conveyor TensorFlow/OpenCV Takes & TensorFlow/Django Sort Cucumber
Servo Motors + Sorts Sends Cucumber Photos to Server Photos into 9 Classes + Stores
Using Cloud Data + Controls Servo Motors & Manages Data
TensorFlow TensorfFlow

https://cloud.google.com/blog/big-data/2016/08/how-a-japanese-cucumber-farmer-is-using-deep-learning-and-tensorflow




Rov-E

Robotic Ambassador

https://youtu.be/QcaSHLWAhTE?t=46m40s




Space Problems
Maximizing Utilization

Motion Sensor - $4 WiFi Adapter - $9
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DynamoDB
25GB, 2.5M reads free

DynamoDB




FacSearch

Visualization and Integration Platform for Facilities and loT Data

Select Space Types:

all types

@ open office
@ closed office
@ tech
mechanical
storage
public conf.
private conf.
@ operational
misc.

lab

@ circulation

@ custodial

@ training

@ warehouse
shop

@ construction
unlabeled

Occupying Organization

an occupying organization (e.g. 1700)

Allocated Organization

an allocated organization (e.g. 3200)

Person

a name or badge number (e.g. John, 173629)
Building

The building number (e.g. 301, 180)

Minimum Square Footage

square footage (e.g. 65, 220)

Then filter further using additional parameters:

Fire Extinguisher Type

all types

co2
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Spaces with Multiple Occupants
~Jonly spaces with multiple occupants

Unoccupied spaces
only unoccupied spaces

https://github.com/khundman/FacSearch




FacSearch
Data Visualization and Integration Platform for Facilities
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FacSearch
Data Visualization and Integration Platform for Facilities

Legend for Millenium Falcon-1:
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Query Results n

Organization

Availability

Space Type

Floorplan

Export as CSV




Extend Situational Awareness

* Firewall attacks [HESAUSICIRAIERE

* Acronyms

* Remedy tickets
* Safety

* Rov-E

* Mars Alexa

Space & Science

NASA unveils a skill for Amazon's Alexa that lets
you ask questions about Mars

BY KEVIN LISOTA on November 29, 2016 at 10:35 pm
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Device Network
Addressing Security Concerns
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